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1 Abstract 45 
Several upcoming satellite missions have core science requirements to produce data for accurate 46 
forest aboveground biomass mapping. Largely because of these mission datasets, the number of 47 
available biomass products is expected to greatly increase over the coming decade. Despite the 48 
recognized importance of biomass mapping for a wide range of science, policy and management 49 
applications, there remains no community accepted standard for satellite-based biomass map 50 
validation. The Committee of Earth Observing Satellites (CEOS) is developing a protocol to fill 51 
this need in advance of the next generation of biomass relevant satellites, and this paper presents 52 
a review of biomass validation practices from a CEOS perspective. We outline the wide range of 53 
anticipated user requirements for product accuracy assessment, and provide recommendations 54 
for the validation of biomass products. These recommendations include the collection of new, 55 
high-quality in situ data, and the use of airborne lidar biomass maps as tools toward transparent 56 
multi-resolution validation. Adoption of community-vetted validation standards and practices 57 
will facilitate the uptake of the next generation of biomass products.  58 
2 Introduction 59 
Forest biomass has been recognized as a Global Climate Observing System (GCOS) Essential 60 
Climate Variable (ECV), a critical input to the United Nations’ Reducing Emissions from 61 
Deforestation and Degradation-plus (REDD+) program, and an important input to Earth system 62 
models (Herold et al., 2019). Spatially continuous maps of forest biomass are therefore important 63 
inputs for decreasing uncertainties in the global carbon cycle, particularly for areas where 64 
insufficient ground or airborne lidar data are available. Accurate biomass products are of great 65 
importance for forest management and climate mitigation. However, due to a previous dearth of 66 
satellite data specifically designed for producing accurate estimates of forest structure (Goetz et 67 
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al., 2009) few global-scale forest biomass products are currently available, and the assessment of 68 
their accuracy is challenged by a lack of appropriate reference data. To overcome this critical 69 
carbon accounting gap, several upcoming Earth Observing (EO) missions will collect satellite 70 
data sensitive to forest structure and aboveground biomass, defined as the dry-weight of the live 71 
or dead woody component of aboveground vegetation.  We anticipate a multitude of new global 72 
forest biomass products in the coming decade, but foresee challenges in intercomparison and 73 
validation across biomass products. These challenges have already been highlighted by several 74 
studies comparing the few existing continental or global-scale biomass products (Avitabile et al., 75 
2016; Avitabile and Camia, 2018; Baccini et al., 2012; Huang et al., 2015; Mitchard et al., 2013; 76 
Saatchi et al., 2011; Santoro et al., 2015; Thurner et al., 2014), and may hinder the effective 77 
adoption of biomass products for various policy, management and science applications. 78 
 79 
A specific example of the importance of independent biomass product validation comes from 80 
comparisons of two widely known pantropical biomass maps (Baccini et al., 2012; Saatchi et al., 81 
2011). By independent, we mean using reference data that were not included in the generation of 82 
products, and ideally conducted by a third party. Despite having been produced from the same 83 
core satellite datasets (the Geoscience Laser Altimeter System [GLAS] and the Moderate-84 
resolution Imaging Spectroradiometer [MODIS]), these maps differ substantially in several 85 
tropical areas (Avitabile et al., 2016; Mitchard et al., 2013, 2014) potentially because they 86 
employed different empirical modeling approaches, calibration datasets, and extrapolation 87 
techniques. However, the exact causes of discrepancies between these products, or indeed a 88 
determination of the more accurate product for a given application, is impossible without 89 
common approaches to independent validation. Aboveground biomass product validation is 90 
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challenging, primarily because of the paucity of high-quality, publicly available, and globally 91 
representative Fiducial Reference Measurements (FRM, 92 
https://earth.esa.int/web/sppa/activities/frm) with well-characterized uncertainties, and 93 
challenges related to the fact that these reference data are not direct measurements but rather 94 
estimates based on tree-level allometric model predictions (Clark and Kellner, 2012). Indeed, in 95 
the pantropical case, the map producers themselves had limited available validation datasets, and 96 
Baccini et al., (2012) and Saatchi et al., (2011) performed cross validation of their mapped 97 
products using a subset of GLAS data that were deliberately left out of their biomass model 98 
training, rather than validating with an independent dataset. While Saatchi et al., (2011) 99 
conducted an error propagation for the final estimated uncertainties associated with their 100 
pantropical product, and Baccini et al., (2012) reported confidence intervals on their estimates 101 
per continent, the degree of accuracy of these products in geographic areas outside the 102 
calibration range, or at the various resolutions needed for policy implementation (Herold et al., in 103 
2019), was not possible. These products have been compared to the Intergovernmental Panel on 104 
Climate Change (IPCC) Tier 1 biomass estimates, following the 2006 IPCC Good Practices 105 
Guidelines (GPG), and although a composite of the two pantropical products was suitable to 106 
replace IPCC Tier 1 estimates when national inventories were not available, it was recommended 107 
that national estimates be favoured over these remote sensing-based estimates, given the large 108 
disparities between the products and national inventories (Langner et al., 2014).  109 
 110 
The issue of product validation will become even more pressing as the number of spaceborne 111 
datasets specifically designed to map ecosystem structure increases (e.g. from NASA’s GEDI, 112 
NASA/ISRO’s NISAR, ESA’s BIOMASS, JAXA’s ALOS-4), and approaches to biomass 113 
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prediction using these data diversify. Previous biomass products have varied in terms of the 114 
spatial and temporal resolution, modeling approach, geographic scope of calibration data, 115 
scaling, error propagation, and uncertainty reporting (Goetz et al., 2009; Huang et al., 2015; 116 
Mitchard et al., 2013).To effectively meet the goals of scientists and decision makers, the global 117 
change community requires well-tested validation approaches that are transparent and flexible 118 
(with respect to geographic scope and spatial resolution). 119 
 120 
The Committee for Earth Observing Satellites (CEOS) is an international body that works to 121 
coordinate Earth Observation programs and data collected by space agencies. For nearly two 122 
decades, the CEOS Working Group on Calibration and Validation (WGCV) has had a sub-group 123 
specifically focused on Land Product Validation (LPV).  In close coordination with CEOS 124 
member agencies, the LPV subgroup has recognized the need for good practices and protocols to 125 
guide biomass product validation in advance of the expected suite of upcoming biomass 126 
products. This LPV subgroup launched the biomass focus area in 2017 to help gather community 127 
support in developing a validation protocol for the products that will be generated from the 128 
upcoming biomass-related missions. This chapter presents the conceptual development of the 129 
CEOS biomass protocol, reviews the specifications of the biomass products expected from new 130 
mission datasets, and outlines the importance of biomass product validation for various biomass 131 
product user communities (e.g. for climate and carbon cycle modeling, policy applications and 132 
ecologists). We present the CEOS biomass protocol structure, including sources of errors 133 
inherent in biomass products, how these errors can be propagated and reported, and which 134 
fiducial reference measurements are required to estimate product uncertainty. Finally, we discuss 135 
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challenges envisioned by the authors in the implementation of the CEOS LPV validation 136 
protocol and its key recommendations. 137 
3 Background on Validation of biomass products 138 
Biomass products have been generated across a range of spatial extents, from local and regional 139 
to global (Ahmed et al., 2013; Andersen et al., 2011; Avitabile et al., 2016; Baccini et al., 2008; 140 
Blackard et al., 2008; Boudreau et al., 2008; L. I. Duncanson et al., 2015; Gregoire et al., 2011; 141 
Huang et al., 2015; Margolis et al., 2015; Neigh et al., 2013; Su et al., 2016). True biomass 142 
product validation requires the physical, destructive harvesting, drying, and weighing of trees. 143 
This is extremely difficult in practice, and typically undesirable or logistically impossible in 144 
many cases. As a result, validation of satellite-based AGB estimates rely on independent 145 
verification (i.e. inter-comparison of estimates made across scales with consistent and well-146 
characterized uncertainties). For local biomass maps, validation is often conducted by the map 147 
producer, either through statistical cross validation (i.e. using reference data not included in 148 
model calibration) or through comparison to independent data (e.g. from national forest 149 
inventories). These accuracy statistics are usually included in the publication of a biomass 150 
model, often expressed as a Root Mean Squared Error (RMSE), %RMSE, and/or coefficient of 151 
determination (R2). For biomass maps, the accuracies are often expressed as a standard error or 152 
coefficient of variation. In local examples, while some researchers are diligent about reporting 153 
the specific validation methods used to generate their maps, others do not include these details, 154 
leaving map users unsure of whether the reported accuracies represent over-fitting to the 155 
calibration dataset, whether models exhibit systematic error, or whether model prediction 156 
residuals were heteroscedastic. Increasingly, these local biomass maps are used as reference data 157 
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for larger area maps, and the errors associated with these reference products propagate in the 158 
final map.   159 
 160 
In national, continental or global product validation the challenge becomes greater, with local 161 
maps only representing a small proportion of the globe. Currently there is no globally 162 
representative set of ground plots or local biomass maps sufficient for validation at the 163 
appropriate resolution of spaceborne products. The few global or continental-scale biomass 164 
products that have been released have relied on spaceborne estimates of biomass from NASA’s 165 
GLAS instrument for validation, often the same instrument used to generate the biomass product 166 
in the first place. In the case of Saatchi et al. (2011), the GLAS data used to validate the GLAS 167 
biomass model were not included when fitting the model, and the associated mapped products 168 
used a Monte-Carlo error propagation to perform a product accuracy assessment. However there 169 
are known issues with the GLAS biomass estimates in areas of high biomass or complicated 170 
terrain (Duncanson et al., 2010; Simard et al., 2011; Sun et al., 2008), and thus any validation 171 
depending on GLAS data likely cannot capture the true errors associated with a GLAS-based 172 
product. Conversely, researchers have used forest inventory data to validate forest structure 173 
products (Simard et al., 2011), but these inventory datasets represent small sample of the 174 
landscape that may not be representative of the relatively coarse pixels (500m-1km) often 175 
associated with wide area biomass products.  176 
 177 
We argue that it cannot be the sole responsibility of a dataset producer (be it a mission team or 178 
an independent academic) to conduct validation exercises over the range of scales necessary for 179 
all possible users; beyond the due diligence of transparently reporting the methods used to 180 
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produce the map, and associated errors, an independent validation process is required. However, 181 
independent groups involved in validation exercises may vary in terms of the datasets available 182 
to them, the size of field inventory plots, availability of airborne lidar data, geographic scope of 183 
validation datasets, etc. Further, since some users may require different errors reporting, e.g. for 184 
IPCC compliance, national-scale estimates are desirable. Alternatively, ecosystem modelers will 185 
tend to require aggregated pixel-based errors. Additionally, users will inevitably be interested in 186 
different scales, be it local areas for forest management, national reporting efforts, continental 187 
carbon balance accounting, global ecosystem models, etc. To date, there is no clear guiding 188 
document focused on addressing the validation needs of many biomass product users and, for 189 
this reason, we present work towards a protocol that addresses this need. 190 
 191 
4 Earth Observation Missions for Biomass Mapping 192 
NASA’s ICESat was launched in 2003, and its GLAS instrument collected global waveform 193 
lidar measurements over vegetation that were used to estimate forest height and structure until 194 
the last ICESat laser failed in 2009 (Abshire et al., 2005). GLAS data were not designed to study 195 
forest structure, but these data have nevertheless become popular for biomass mapping. These 196 
data are relatively sparse in spatial sampling, and each lidar footprint illuminated a nominally 65 197 
m diameter circle, which resulted in the mixing of reflected signal from ground and canopy 198 
surfaces, ultimately presenting challenges for estimating biomass in areas of high relief or 199 
structural complexity (Duncanson et al., 2010). Despite these challenges, many wide area 200 
biomass maps used GLAS data to map forest structure (e.g. Baccini et al., 2008; Margolis et al., 201 
2015; Saatchi et al., 2011; Simard et al., 2011; Su et al., 2016).  202 
 203 
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Several upcoming missions (e.g. GEDI, BIOMASS, NISAR) should provide improved data for 204 
biomass mapping compared to those earlier sensors as they are designed with a primary science 205 
goal of mapping forest biomass. Official mission biomass products are expected from each of 206 
these missions, but because of the publicly available nature of these mission datasets we also 207 
expect a host of other new biomass products through data fusion and alternative algorithms, etc. 208 
We therefore anticipate the release of products with a range of spatial resolutions, geographic 209 
extents, and temporal domains. Table 1 shows the expected resolution of core biomass products 210 
from upcoming spaceborne missions themselves, but fusion products will likely present both 211 
coarser and higher resolution maps.   212 
 213 
Many of these upcoming missions have specific biomass product accuracy requirements as part 214 
of the criteria by which mission success is determined (Table 1). Independent validation of these 215 
products at their nominal resolution would help demonstrate that requirements have been met. 216 
This is particularly useful if validation of biomass products from each mission or estimation 217 
approach can be conducted at the same set of sites, allowing direct comparisons between 218 
accuracies of each product in different forest types, environments, disturbance histories, etc. 219 
Comparisons between official mission products and other new biomass maps will also allow the 220 
community to appreciate the accuracy impacts of algorithmic improvements, data fusion 221 
approaches, etc. on product accuracy and ultimately reduce confusion and latency in the adoption 222 
of new biomass mapping approaches.  223 
 224 
Table 1. The expected upcoming biomass-relevant missions. Note that only NISAR, GEDI 225 
and BIOMASS are approved missions with a formal requirement for biomass mapping 226 
accuracy. Missions with no official biomass product are marked Not Applicable (NA), and 227 
missions who have yet to publish these requirements are listed at To Be Determined (TBD). 228 
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Mission 
Funding 
Agency 
Expected 
Launch 
Date 
Data Type 
Biomass 
Product 
Resolution 
Geographic 
Domain 
Accuracy 
Requirement 
NISAR NASA/ISRO 2021 
L-band 
SAR 
1 ha 
(<100 
Mg/ha) 
Global 
<20% 
RMSE for 
<100 Mg/ha 
GEDI NASA 2018 
1064 nm 
waveform 
lidar  
1 km 
ISS (+/- 
~51.6) 
<20% 
standard 
error for 
80% of 
forested 1 
km cells 
BIOMASS ESA 2022 
P-band 
SAR 
4 ha 
Global 
except 
western 
Europe and 
North 
America 
<20% 
RMSE for 
AGB >50 
Mg/ha; 
10 Mg/ha 
for AGB 
≤50 Mg/ha 
MOLI JAXA 2020 (?) 
1064 nm 
waveform 
lidar  
500 m 
ISS (+/- 
~51.6) 
TBD 
SAOCOM CONAE 2018 
L band 
SAR 
TBD Global TBD 
ICESat-2 NASA 2018 
532 nm 
photon 
counting 
lidar 
NA Global NA 
ALOS-4 JAXA 2020 
L-band 
SAR 
TBD Global TBD 
TanDEM-
L 
DLR 2023(?) 
L-band 
SAR 
1 ha Global 
20% 
accuracy or 
20 Mg/ha 
 229 
5 The Importance of Validation for Biomass Product Users 230 
While biomass product validation is important for product inter-comparison toward improved 231 
map products, and for demonstrating that missions have met their design requirements, it is also 232 
key for the uptake of biomass maps by many other communities. Here, we highlight several 233 
communities that will likely use the next generation of biomass products for a wide range of 234 
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applications. Although this list is not exhaustive, it enables an exploration of many biomass 235 
product and validation needs. We briefly discuss considerations for biomass validation for policy 236 
applications, carbon accounting in ‘non-forest’ ecosystems (woodlands, savannas), belowground 237 
biomass estimation, and for modeling activities.   238 
 239 
5.1 Policy Applications 240 
Aboveground biomass is an important input to several current and future policy initiatives and 241 
user groups, and all of these groups require information on biomass product accuracy, albeit in 242 
different ways. Uncertainty estimates are critical for achieving goals and commitments related to 243 
forest management, climate change, and sustainable development. For example, the Paris 244 
Agreement on Climate Change requires transparent reporting on national greenhouse gases 245 
(GHG) emissions, and measuring, reporting and verification of forest-related mitigation 246 
activities, for which improvements in the quality of forest biomass and carbon stocks information 247 
is essential. Biomass products are also relevant for Goal 15 of the United Nations Sustainable 248 
Development Goals (SDGs) that includes improved forest carbon management, reduced 249 
deforestation, afforestation and reforestation at a global-scale. Additional policy initiatives which 250 
will use the next generation of biomass products include the IPCC assessment processes and 251 
various sustainable land use initiatives as well as a wide range of local/subnational stakeholders. 252 
IPCC good practices guidelines are focused on national scale validation and reporting, and 253 
recommend that (1) nations neither over- nor underestimate biomass so far as can be judged, and 254 
(2) that uncertainties are reduced as far as practicable (IPCC, 2006, Volume 1, Chapter 1, 255 
Section 1.2). These recommendations are primarily geared at countries for their national 256 
reporting, and suggest that biomass maps would be suitable as long as their predictions exhibit 257 
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no systematic error at a national-scale, and have lower errors than current estimation strategies. 258 
There is a wide range of considerations with respect to the stakeholders’ needs of biomass 259 
validation, including the spatial resolution, geographic extent, and temporal domain of product 260 
validation, and the definition of forest or land type and biomass definition over which the 261 
validation is considered. Indeed, the use of biomass products by these policy communities is 262 
tightly linked to error reporting (Romijn et al., 2018). To suit this wide range of policy needs, 263 
independent product validation will need to be flexible enough to allow user-specified 264 
geographic scopes and spatial scales, including consistent and traceable error reporting at the 265 
national and/or regional levels, as well as by land cover class ((Herold et al., 2019) 266 
 267 
5.2 Non-forest Vegetation Carbon Accounting 268 
While non-forest vegetation contributes less than 20% of global biomass, they represent one half 269 
of terrestrial productivity and cover some 70% of the Earth’s land surface (Pan et al., 2013).  270 
These non-forest ecosystems include savannas, woodlands, chaparral, and shrublands. They are 271 
ecologically distinct from forests both in terms of a) the climatic, edaphic and disturbance 272 
histories that prevent them from becoming intact forest, and b) the plant form and function of 273 
trees growing outside of closed-canopy conditions. The functional and structural dissimilarities 274 
of these systems lead to special considerations for biomass product validation. For example, 275 
many of the allometric models developed for species typically found in forests do not apply to 276 
the same species growing in open canopy conditions. Therefore, error propagation through 277 
allometric models will not account for potential biases that may occur from applying the models 278 
outside of the range of environmental conditions for which they were calibrated. In some 279 
regions, e.g. northern Eurasia, issues of low canopy density have been accounted for by direct 280 
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inclusion of tree density in biomass conversion factors (Schepaschenko et al., 2018). However, 281 
many regions lack the necessary data to perform such corrections. We therefore recommend 282 
more attention to the development of new allometric biomass models in non-forest regions. 283 
 284 
Non-forest vegetation also presents challenges for validation when many biomass products will 285 
be designed specifically for ecosystems classified as forests. Global biomass map producers may 286 
even remove many non-forest classes from their mapping domains, or may adopt different forest-287 
non-forest masks at different resolutions which will complicate product inter-comparisons. 288 
Additionally, due to land use and land cover change dynamics, ‘non-forest’ vegetation at the 289 
boundaries of intact forest changes over time, where disturbance and recovery may lead to pixels 290 
being somewhat arbitrarily classified as forest or ‘non-forest’ through time. This would influence 291 
the magnitudes of forest biomass stocks and fluxes more than the actual carbon flux associated 292 
with disturbance agents.  Regardless of the methods used to define boundaries between “forest” 293 
and “non-forest”, it is important to be able to track biomass dynamics across these boundaries 294 
consistently and without bias (not systematically over or underestimating forest area) as far as 295 
possible. In an independent validation process, a clear indication of which forest mask was 296 
applied should be clearly indicated, and biomass products that include ‘non-forest’ biomass 297 
should be validated specifically in these other ecosystems rather than merging ‘non-forest’ 298 
accuracies with non-ecosystem specific error reporting.  299 
 300 
5.3 Belowground Biomass 301 
The CEOS LPV biomass validation protocol is focused on aboveground biomass. However, we 302 
also recognize the importance of belowground biomass and therefore will provide a summary of 303 
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both how soil scientists will use aboveground biomass products, and also the state of the art of 304 
belowground biomass validation techniques. Global soil carbon has been estimated to be in 305 
excess of 2,000 Pg in the top 1 m of soil, much of that outside of forests (Batjes 1996). These 306 
carbon pools include both root biomass, which is typically related to aboveground stocks, while 307 
Soil Organic Carbon (SOC) is often not correlated to aboveground structure and thus cannot be 308 
estimated from space.  309 
 310 
There is a strong need to link belowground stock and flux measurements with the aboveground 311 
focus of EO missions and forest inventories. Current practices for estimating belowground 312 
biomass include localized field work (e.g. digging pits) or applying indirect (remote sensing) 313 
methods such as ground penetrating radar to detect a range of soil characteristics including soil 314 
depth (Wollschläger et al., 2010), carbon storage (Hruska et al., 1999) or root quantities and 315 
distributions (Comas et al., 2017). These field-based methods are not applicable to wide area 316 
mapping and can only serve to calibrate or validate spaceborne estimates of belowground 317 
biomass. When field data are not available, typically simple root-to-shoot ratios are applied to 318 
estimate belowground biomass, although these are known to be poorly constrained in many 319 
systems and require much more attention to develop globally representative models (Mokany et 320 
al., 2006). Spatially continuous approaches use spectral data to map forest type and function, and 321 
assume relationships between vegetation reflectance and belowground biomass (e.g. Fisher et al., 322 
2016; Hengl et al., 2017, 2014). Despite the considerable importance of belowground biomass to 323 
the global carbon cycle, and the link between aboveground and belowground carbon stocks, this 324 
field is relatively less mature in terms of product validation. Although the CEOS LPV biomass 325 
protocol will only touch on some of the considerations of belowground validation, we expect a 326 
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more specific assessment regarding belowground biomass validation to follow as aboveground 327 
biomass good practices continue to mature. 328 
 329 
5.4 Modeling Community Needs 330 
Reliable estimates of biomass, particularly through time, present opportunities to reduce current 331 
knowledge gaps in carbon cycle modelling. For example, the allocation of carbon to different 332 
plant tissues, as well as the timescale of turnover of these tissues, remains one of the key 333 
uncertainties in vegetation modelling and projections of the terrestrial carbon sink. Many 334 
different types of models would benefit from biomass products and thus validation activities, but 335 
the nature of the models will influence their validation requirements. For example, carbon-pool 336 
models operating at a specific spatial resolution (e.g. 1 ha, or 1 degree postings) would use pixel-337 
based predictions of aboveground biomass (and error) as inputs. Conversely, cohort models may 338 
require resolving a biomass map into classifications of land cover and consider error as an 339 
average for a given land cover class (e.g. different forest types). Similarly, forestry and economic 340 
land use models require administrative level error reporting (e.g. at national extents).  Finally, 341 
individual-based models such as gap models operate within larger forest patches and thus will 342 
likely require biomass (and associated height) errors at finer resolution and smaller geographic 343 
extent than the broader-scale model types. To provide modeling groups with informative 344 
biomass product errors, error should be reported across multiple resolutions and spatial extents. 345 
In addition, producers of biomass maps should be encouraged to document and quantify errors 346 
associated with not only the biomass products, but also from the input data (e.g. height error 347 
from lidar) and empirical models as they will ultimately inform modeling results and improve the 348 
integration of biomass estimates into modeling activities. This recommendation is in addition to 349 
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the requirement for validation over multiple spatial scales and geographic extents, which is also 350 
important to a range of other communities and applications. 351 
 352 
6 CEOS LPV validation protocol structure 353 
There are clear overlaps between the needs of several of the communities highlighted above. 354 
Flexibility of validation in terms of spatial scale, geographic scope, error reporting, forest 355 
definition selection, and considerations of both biomass stocks and fluxes are recurring themes 356 
when discussing user community requirements (e.g. policy, modelling, soil science, dryland 357 
ecology). Therefore, we aim to develop a biomass validation protocol with the flexibility to 358 
account for the breadth of user needs. The goal of the CEOS WGCV LPV biomass protocol is to 359 
provide a good practices guidance document with recommendations for how to conduct 360 
independent biomass product validation. Here, we present what we see as the primary 361 
considerations for data collection and validation design in this framework. We also highlight 362 
some challenges biomass map producers face with respect to enabling reliable, consistent, and 363 
transparent product validation.  364 
 365 
6.1 Reference datasets 366 
Any validation depends on the availability of high-quality reference datasets that are independent 367 
from the data used to generate an AGB product. Large area AGB datasets used for validation are 368 
usually from either forest inventories, forest monitoring plots, or local airborne lidar biomass 369 
maps, all of which include error in their estimates of biomass. Forest inventory datasets typically 370 
consist of large numbers of small, geographically dispersed plots designed to sample across a 371 
defined geographic extent or region, often national or local, and are typically updated at some 372 
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systematic time interval. Conversely, forest monitoring plots tend to be fewer in number but 373 
larger in area, and collect a broader range of environmental datasets, with individual trees 374 
carefully identified and measured over several years to track biological and ecological trends as 375 
well as estimation of biomass. Although arguably more useful for pixel-level comparison to 376 
AGB maps, these plots typically do not represent probability samples. Finally, airborne lidar 377 
biomass maps provide wall-to-wall coverage that can be used to estimate biomass at multiple 378 
spatial resolutions. These lidar maps are usually calibrated with local field measurements, either 379 
from inventory plots, monitoring plots, or field data often collected specifically as part of the 380 
lidar collection. These include (by definition) more error at the pixel-level than the field plots 381 
used to calibrate them.  382 
 383 
None of these three types of reference data represent actual measurements of forest biomass, 384 
which is an important distinction from many of the other GCOS ECVs (e.g. Land Surface 385 
Temperature) where validation is performed using fiducial reference measurements.  Fiducial 386 
reference measurements or FRM, are a specific kind of reference data, traceable to International 387 
System of Units (SI) working, developed with national metrology institutes and produced 388 
together with documented uncertainties. As mentioned above, direct aboveground biomass 389 
measurements can only be collected through the destructive harvest and weighing of trees, which 390 
is of course inherently inappropriate for monitoring plots and logistically unfeasible for 391 
inventory plots (Clark and Kellner, 2012). Instead of directly measuring biomass, field estimates 392 
rely on one of two methods – the measurements of tree and forest plot data and application of 393 
allometric models (e.g. Chave et al., 2014; Jenkins et al., 2003), or the use of a Terrestrial Laser 394 
Scanning (TLS) instrument (Calders et al., 2015) combined with estimated wood density. In the 395 
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former, individual tree biomass is predicted through the application of empirical models of 396 
relationships between measurable tree attributes (e.g. species identity, stem diameter, height) to 397 
aboveground biomass. These allometric size-to-mass models are estimated from destructively 398 
sampling trees, and often from small samples (sometimes fewer than 30 trees) with a prevalence 399 
of small-size trees (L. Duncanson et al., 2015). Although it is recognized that these models often 400 
exhibit systematic prediction errors (Ahmed et al., 2013; Chave et al., 2014b; Gonzalez de 401 
Tanago et al., 2018), and that these errors increase with tree size, they are currently the most 402 
practical approach for estimating field biomass in a cost effective fashion. Indeed, statistical 403 
packages are now available to both estimate and propagate errors in field biomass estimates to 404 
forest plot levels (Réjou-Méchain et al., 2017).   405 
 406 
The second (and more recent) approach for estimating field plot volume (and biomass where 407 
wood density information is available) is to use TLS instruments to scan forest plots with a 408 
ground-based lidar instrument, and reconstruct detailed 3D scenes of a forest plot that include 409 
individual tree woody materials (Disney et al., 2018; Newnham et al., 2015). TLS datasets, when 410 
processed to predict plot-level tree volumes, may produce models whose predictions are more 411 
accurate relative to allometric biomass predictions, largely because they represent the full tree 412 
size distribution that may be under-represented in allometric models (Calders et al., 2015; 413 
Gonzalez de Tanago et al., 2018).  Although TLS data may be preferred when available, the 414 
relatively large cost and effort required to collect high-quality TLS data from remote forests, and 415 
the current challenges in data processing (including large computational demands and relatively 416 
immature software availability, (Newnham et al., 2015; Trochta et al., 2017), mean that these 417 
measurements are typically only available over a relatively small set of forest monitoring plots 418 
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(Disney et al. 2018). It should also be noted that TLS data require wood density information 419 
from tree species identification, and thus will never fully replace field surveys but add more 420 
complete structure measurements of forest plots over manual diameter and height measurements. 421 
Attention is required to ensure that TLS data do not overestimate the woody volume of hollow 422 
trees, and we recommend further research into TLS allometric model development and 423 
correction factors for varying wood density and hollow trees. Instead, TLS data may be most 424 
useful to check and re-calibrate allometric models with larger sample sizes and across the full 425 
range of tree sizes, thereby reducing underestimates of biomass, particularly for large trees. 426 
Considering that ~50% of landscape-scale forest biomass may be stored in a few large trees, 427 
particularly in the tropics, reducing errors and biases related to large tree biomass stocks is 428 
particularly important  (Lutz et al., 2012, 2018). 429 
 430 
6.2 Geolocation, Temporal and Spatial Scale 431 
Once plot-level biomass has been predicted, spaceborne products must be spatially linked to 432 
these reference plots. This process adds error to validation efforts because spaceborne and field 433 
datasets have inherent geolocation errors associated with them. This is especially true for field 434 
measurements where large errors may occur due to important GNSS multipathing effects in 435 
forest ecosystems (Johnson & Barton, 2004). Even with the use of high grade GNSS devices, 436 
some unfavourable conditions due to the number and position of satellites or to local forest 437 
structure and topography may generate large geolocation errors (~10 m). Increasing the number 438 
of GNSS measurements in space and time  (e.g. >15 measurements per plot) would be one way 439 
to achieve an accurate location, as would the use of a pole-mounted GPS antenna. Another major 440 
problem is that field plots sizes and shapes usually differ from the sizes and/or shapes of map 441 
20 
 
units characterizing spaceborne biomass products. This is particularly problematic when 442 
attempting to validate relatively coarse (500 m – 1 km) biomass products with smaller forest 443 
inventory plots. For instance, Réjou-Méchain et al., (2014) found that large errors (typically 444 
30%) can be introduced to the calibration/validation procedure from using small forest plots (less 445 
than 0.25 ha) in this manner. Importantly, they demonstrated that this error induces bias into the 446 
estimator of RS model parameters and, in turn, systematic error in RS model predictions (Réjou-447 
Méchain et al., 2014).  448 
 449 
Small plots are also challenging even when validating finer resolution (e.g. 30 m) remote sensing 450 
products for several reasons. At such resolutions a small spatial or configuration mismatch 451 
between the field and the EO product may generate important errors due to the large local 452 
heterogeneity of forest biomass. Further, in areas with large tree crowns, satellite data for a plot 453 
may correspond to a part of a crown for a tree whose stem may not fall within the plot (Mascaro 454 
et al., 2011). As plot size increases, the relative errors associated with so-called edge effects and 455 
geolocation decrease. Thus, higher correlations are typically found between field plots and 456 
remote sensing datasets when large (e.g. 1 ha) plots are used (Huang et al., 2013; Zolkos et al., 457 
2013). One solution to the small plot problem is to implement a screening procedure to remove 458 
plots that are not representative of the larger pixels and to obtain a subset that also maintains the 459 
frequency distribution (i.e. histogram) of the original dataset (Avitabile and Camia, 2018).  460 
 461 
Where this screening procedure is not practicable, and in regions with relatively large errors 462 
associated with plot size, (e.g. large crowns, greater geolocation uncertainties), such as in the 463 
tropics, we recommend the use of relatively large field plots to calibrate models based on 464 
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satellite datasets, where possible. Additionally, we recommend validating with plots that are the 465 
same spatial resolution as satellite-based products to avoid issues from dilution bias (Réjou-466 
Méchain et al., 2014). However, relying on large plots may reduce the number of plots that can 467 
be measured for validating a biomass product. Thus, there is a trade-off between the use of large 468 
plots and the need for capturing environmental gradients that drive variability in forest structure, 469 
and/or errors in spaceborne data acquisitions (e.g. canopy density, topography, soil moisture). 470 
Although errors from co-registration, temporal differences and edge effects all decrease with 471 
increasing plot size, typically sampling errors will increase with plot size because the sample size 472 
(number of plots) will decrease, assuming constant sampling design budget constraints.  473 
 474 
The temporal discrepancies between field plots, airborne datasets and spaceborne datasets are 475 
also critical for product validation. Different forest ecosystems will change at different rates, due 476 
to inherent differences in productivity, as well as stochastic disturbances, ecosystem recovery, 477 
and natural demographic shifts. The rate of change of a given ecosystem therefore determines the 478 
importance of collecting validation data that is temporally coincident with satellite biomass 479 
products. In slow growing areas with little disturbance, validation data from up to ~5 years 480 
before or after satellite data collection may be suitable, but in more productive ecosystems and 481 
forests that are degraded or regenerating, or have undergone disturbance validation data will 482 
require more frequent updating. Assuming plots and satellite data can be precisely geo-483 
referenced, one solution to determining whether validation data remains useful is to use a 484 
Landsat-based change detection dataset, e.g. Harris et al., (2012), Kennedy et al., (2010), to flag 485 
pixels that have undergone significant change in the time elapsed between field/airborne and 486 
satellite data acquisitions. Alternative approaches capable of resolving finer scale disturbances 487 
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(e.g. individual tree fall) may also emerge due to the increased availability of high spatial and 488 
temporal optical datasets, such as from Planet. Admittedly these approaches will likely not 489 
resolve disturbances in the understory, and thus we recommend that where possible validation 490 
data should be as close in time as practicable to satellite data collection. Older data should only 491 
be considered when they represent geographic gaps, and local knowledge and spaceborne optical 492 
sensors suggest no significant change in forest biomass or cover. 493 
 494 
6.3 Scaling from Ground Plots to Airborne Lidar Maps 495 
A strategy to minimize the trade-off between plot size and representativeness can be the use of 496 
locally calibrated airborne lidar biomass maps to scale between field plots and satellite datasets. 497 
These maps are increasingly used as reference data for spaceborne products, primarily because 498 
they cover a much larger spatial extent than field plots, and thus greatly increase the area over 499 
which in situ information is mapped if their estimates are adequately calibrated across 500 
environmental gradients with respect to forest structural and species variability. Further, 501 
provided data are acquired with acceptable sensor and survey configurations, lidar data can 502 
easily be aggregated to multiple resolutions and thus a single airborne lidar campaign can serve 503 
to validate multiple biomass products with different spatial resolutions.  504 
 505 
It is generally recommended to generate the airborne lidar maps at large (e.g. 0.25 ha or larger) 506 
pixel sizes in the tropics because errors related to geolocation and edge effects are reduced as 507 
plot sizes increase. This is also true of many temperate systems (e.g. Huang et al., 2013), but 508 
small plots may be appropriate in many temperate and boreal forests, depending on the 509 
demographic structure of the forest and quality of plot geolocation. In the case of the tropics, for 510 
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example, if one calibrates a 25 m lidar map with 25 m plots, and aggregates predictions to 1 ha, 511 
errors will likely be greater than if calibrating a 1 ha lidar map with 1 ha plots (Labriere et al., 512 
2018). If errors are propagated from ground plots to local lidar maps, finer resolution lidar 513 
models and maps are also appropriate e.g. McRoberts et al., (2018).  514 
 515 
6.4 Error characterization and propagation 516 
A key aspect of robust product validation relates to error characterization and propagation. We 517 
recommend the transparent reporting of which errors are considered in a validation process, and 518 
what error propagation technique is used to produce error estimates on the reference datasets 519 
used. It is essential to consider that even the highest quality field data and airborne lidar maps 520 
contain errors. The CEOS LPV biomass protocol will include a thorough discussion outlining the 521 
types of errors that should be considered (many of which are discussed above), and present three 522 
basic methods of error propagation. These recommendations are in line with the IPCC Good 523 
Practice Guidelines, which are discussed in (McRoberts et al., 2019). We define ‘error’ as a 524 
deviation from field-estimated AGB values, and ‘uncertainty’ as the range of values within 525 
which the field value lies, with some reported level of confidence. The quantification and 526 
propagation of errors results in a reported product uncertainty, and there are several different 527 
approaches adopted at reporting product uncertainty. Validation with independent data will 528 
quantify error (deviation from reference data) with associated uncertainty in that error (from 529 
uncertainties in the reference datasets themselves). In the case of a product generated with 530 
careful attention to error, we would expect that the outcome of the validation would be an error 531 
with an associated uncertainty that is within the range of uncertainty reported by the map 532 
producer.  533 
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 534 
There are several different approaches to quantifying uncertainty in a product (both by the map 535 
producers and the map validators). Design-based uncertainty estimation is appropriate where 536 
probability-based validation datasets are available, and collected specifically to sample the 537 
population of interest. These datasets are typically only available for forest inventory plots, 538 
which present challenges related to small plot sizes, as discussed above. Also, such inventories 539 
rarely exist in tropical forest environments, and the effort required to establish them is 540 
prohibitive. A second form of uncertainty estimation is in model-based inference, where the 541 
validation datasets are often not probability samples of a forest, but a network of 542 
opportunistically collected plots (e.g. collected to calibrate an airborne lidar campaign). In 543 
model-based inference, the uncertainties are based on the effects of sampling variability as 544 
reflected in the data used to construct the models, and residual variability of sample observations 545 
around their model predictions. A third technique for calculating errors and associated 546 
uncertainties is from hybrid-inference, which uses a combination of design-based and model-547 
based inference. McRoberts et al., (2019) present a statistically rigorous test based of hybrid 548 
inference that can be used to assess the validation of a coarse resolution global biomass map 549 
using finer resolution, higher-quality local biomass maps. Hybrid-inference thus provides a 550 
possible statistical solution for validation using airborne lidar biomass maps.    551 
6.5 Validation and Reporting 552 
Once a reference dataset has been collected and scaled to match the resolution of the biomass 553 
product in question and the associated errors have been characterized, quantified, and 554 
propagated, the actual product validation is conducted. The reported accuracies (defined as a lack 555 
of error) and uncertainties for the product in question depend on the user requirements for the 556 
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biomass product, as discussed in section 4. Ecosystem models running at a global scale may need 557 
the average coefficient of variation, or confidence interval, per 1-degree grid cell. However, 558 
models running at a local or regional scale might require pixel level maximum or minimum 559 
estimates of biomass (e.g. from a confidence interval). Conversely, REDD+ activities will likely 560 
focus on national level biomass reporting, and thus focus on the estimated errors (e.g. biases 561 
from the truth) and associated uncertainties at an aggregated national scale. We expect most 562 
users will aggregate uncertainty assessments to the appropriate scale for their application. As 563 
biomass product accuracies and uncertainties are likely to vary as a function of forest structure 564 
and geography (e.g. differing between tropical and temperate systems, mature and recovering 565 
forests), we recommend reporting at a variety of scales. For example, if a reference dataset is a 566 
geographically dispersed set of linked field and airborne lidar datasets, uncertainties should be 567 
reported at global, continental, and ecoregion scales. It is unlikely that such a dataset would be 568 
representative at a national scale, but according to IPCC good practices the standard error per 569 
ecoregion could be used by a country in tandem with national and local data or available 570 
ecoregion maps to use the biomass product toward improved REDD+ reporting 571 
(https://reddcompass.org/). The CEOS LPV biomass protocol will include specific 572 
recommendations for reference datasets and error and uncertainty reporting, but it should be 573 
stressed that any independent validation of AGB maps should be sufficiently flexible enough to 574 
allow errors and uncertainties to be reported at a variety of spatial resolutions, geographical and 575 
thematic scopes. It is important to note that we do not include recommendations for product 576 
harmonization or inter-comparison, and instead suggest comparing products to fiducial reference 577 
datasets in order to avoid confusion when discrepancies are found amongst biomass products. 578 
 579 
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6.6 Implementation considerations 580 
Independent validation requires the availability of independent reference datasets. Ideal reference 581 
datasets can be thought of as ‘super sites’ with highly accurate field measurements (Chave et al., 582 
this issue), TLS and airborne or drone lidar data (i.e. sites that have been surveyed in a manner 583 
allowing aggregation of lidar data at multiple resolutions and collected at the same time as the 584 
satellite data used to construct a given biomass product). To conduct a thorough product 585 
validation these sites would have to be distributed across the geographic scope of interest, and 586 
capture the important environmental gradients driving the relationships between biomass and 587 
error, such as disturbance history, climatic and topographic gradients, etc. However, these sites 588 
are relatively rare, particularly in the tropics, where much of the aboveground biomass is stored, 589 
and where they do exist they are costly to maintain and repeat survey. Including reference data 590 
with larger geographic and temporal coverage is, thus, important for the purpose of capturing 591 
more regional variation in biomass estimates and associated uncertainties. Such data can be 592 
provided by forest plot observation networks, research plots and forest inventories. Setting up 593 
and maintaining a permanent plot network of biomass supersites is key to conducting meaningful 594 
validation activities.  595 
 596 
Multiple upcoming missions with biomass mapping requirements also have requirements for 597 
product and/or algorithm validation, and these activities include budgets for new data 598 
acquisitions. These mission teams (namely GEDI, NISAR, ESA BIOMASS and ICESat-2) are 599 
actively working together to streamline calibration and validation data collections, and maximize 600 
the geographic coverage of validation data roughly representative of forest conditions in the year 601 
2020 (Fig 1). However, these mission activities will not sufficiently cover many geographic 602 
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domains. Of particular note is the lack of sites in continental Asia, and expanding collaborations 603 
with other CEOS member agencies who may be able to help expand data collection activities is 604 
highly desirable.  605 
 606 
It is also important to note that enabling a transparent and reproducible map validation requires 607 
open data. Open data allow transparency to validation activities, and reproducibility of results 608 
which we feel is essential for the wide adoption of the CEOS LPV recommendations for biomass 609 
product validation. This is however a complicated issue, as balance must be met between credit 610 
for the cost, skills and labour required for field data collection and curation, and the importance 611 
of open data for the scientific process. The FOS system has struck compromises between open 612 
data and maintaining census data privacy by publicly releasing only plot estimates of biomass 613 
with consistency propagated error (see Chave et al., this issue), and in situ data collected through 614 
funds from NASA and ESA are open by definition; hopefully more space agencies and plot 615 
networks will follow suit. A more equitable solution to this problem can be found if adequate 616 
long-term funding is provided to plot networks to ensure not simply that tree-by-tree data are 617 
collected and processed, but that the (mostly tropical) people doing this are adequately rewarded, 618 
trained, and respected for their skills and efforts.  In a more equal and secure environment, we 619 
argue that open publication of datasets will become a natural expectation. 620 
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 621 
Fig 1 shows existing or planned field and airborne lidar datasets for use in spaceborne 622 
mission biomass model fitting or product validation. The red points have been compiled by 623 
the NASA GEDI team and are used in their biomass model development. The blue points, 624 
compiled by the NISAR team, are planned sites for both model development and product 625 
validation. The turquoise sites, compiled by the Forest Observation System (FOS, Chave et 626 
al. 2019), represent high-quality standardized field estimates of biomass.  627 
 628 
Once global field and airborne lidar biomass reference datasets are compiled, a final challenge 629 
lies in actually conducting an independent validation and reporting the results. Ideally, fiducial 630 
reference data will be freely available so that any organization or researcher could conduct a 631 
transparent product validation. It is desirable that online tools become available that enable not 632 
only data access, but also error characterization and propagation in the generation of reference 633 
datasets such as airborne lidar maps. Existing tools such as Google Earth Engine provide 634 
unparalleled capabilities and potential for user-friendly product generation, but have yet to 635 
develop the necessary tools for validating products. Indeed, this requires a relatively specific set 636 
of tools and we recommend the development of an independent toolkit to perform biomass 637 
29 
 
product validation following CEOS WGCV LPV biomass protocol recommendations. The 638 
BIOMASS package (Réjou-Méchain et al., 2017) is already widely used by many researchers and 639 
mission teams to propagate errors from individual tree estimates to field plots in the tropics, but 640 
comparable tools are not yet available to expand this to airborne lidar maps, particularly at 641 
multiple resolutions as is needed by the breadth of expected biomass product users. The new 642 
ESA/NASA Multi-Mission Analysis and Algorithm Platform (MAAP) is an activity focused on 643 
developing cloud-based tools for biomass product generation from active remote sensing datasets 644 
(primarily from GEDI, NISAR, and the ESA BIOMASS Mission). The MAAP is currently under 645 
development and is anticipated to be a useful platform for both housing and implementing 646 
biomass validation data. The Forest Observation System (FOS, https://forest-observation-647 
system.net/) is also collating field validation datasets with pre-processed plot data that include 648 
propagated errors, and it is currently expanding to include airborne lidar-based biomass maps. 649 
The ESA Climate Change Initiative (CCI) Biomass Project (building on the ESA GlobBiomass 650 
project), similarly plans to support these activities by encouraging collaboration and cooperation 651 
in the application of the CEOS LPV protocol through the Global Plant Biomass Facility.   The 652 
intention is to encourage and facilitate unified approaches to the collection of forest inventory 653 
data (including in near real time) and democratize access to in situ biomass estimates. All of 654 
these new activities illustrate the existing gap in biomass product tools, and present exciting 655 
potential opportunities for implementing the CEOS LPV biomass protocol.  656 
7 Summary and next steps 657 
The CEOS WGCV LPV biomass protocol document (to be published in 2019) will cover a 658 
thorough range of validation considerations, including the collection of new reference datasets, 659 
and recommendations for using airborne lidar biomass maps as tools for scaling between field 660 
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and satellite data. The protocol will also consider the characterization, propagation and 661 
ultimately reporting of errors throughout the validation process, as well as the existing 662 
limitations for the implementation of product validation. The protocol document is intended to 663 
guide both biomass map producers and users toward consistent interpretation of product errors, 664 
with the ultimate goals of reducing confusion about which biomass products are more accurate or 665 
appropriate for a given application, and increasing the suitability of new data collections for 666 
product validation. Considering the time and cost intensive nature of collecting high-quality in 667 
situ and airborne datasets, a document that can facilitate, to the degree possible, standardization 668 
of data collection and methods for product validation will hopefully help streamline new 669 
acquisition plans across different agencies, and allow for easier interpretation of mapped 670 
products and errors. Equally, establishing and maintaining permanent reference sites for biomass, 671 
including the ongoing acquisition of field and airborne data, and where in situ partners are fully 672 
involved, will be key to conducting meaningful and sustainable biomass product validation. We 673 
are entering an exciting era in Earth Observation, with a wealth of new datasets from 674 
forthcoming missions leading to the anticipation of many new biomass products. The societal 675 
and scientific needs for accurate biomass products are clear – and with the promotion of 676 
transparent independent product validation at the range of scales required by data users we 677 
expect the next generation of mission datasets to successfully fill what has been a limiting 678 
knowledge gap in the global carbon cycle.  679 
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